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Abstract
Neuroimaging studies in the last 20 years have tried to unravel the neu-
ral correlates of the number processing across formats in humans and non-
human primates. Results point to the intraparietal sulcus as the core area for
an abstract representation of numerical quantity. On the other hand, there
exists a variety of behavioral and neuroimaging data that are difficult to rec-
oncile with the existence of such an abstract representation. In this study;
we addressed this issue by applying multivoxel pattern analysis (MVPA) to
functional Magnetic Resonance Imaging (fMRI) data to unravel the neural
representations of symbolic (digits) and non-symbolic (dots) numbers and
their possible overlap on three different spatial scales (entire lobules, smaller
regions of interest and a searchlight analysis with 2-voxel radius). Results
showed that numbers in both formats are decodable in occipital, frontal,
temporal and parietal regions. However, there were no overlapping repre-
sentations between dots and digits on any of the spatial scales. These data
suggest that the human brain does not contain an abstract representation
of numerical magnitude.
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1. Introduction
The neural mechanisms of numerical cognition have been intensively in-
vestigated in behavioral and neuroimaging research (for review see Ansari
(2008); Nieder & Dehaene (2009)) due to the central role of numbers in
daily life and education (Gerardi et al., 2013; Lipkus & Peters, 2009; Nel-
son et al., 2008; Reyna et al., 2009; Zikmund-Fisher et al., 2007). A core
theme in this research deals with the question of representational overlap
between symbolic (e.g. Arabic digits) and non-symbolic (e.g. arrays of
dots) magnitudes. This issue has been approached by comparing the brain
activity during non-symbolic as well as symbolic tasks and by searching for
regions that are commonly active while processing these two formats of nu-
merical magnitudes. Both approaches have provided evidence in favor of
the existence of an abstract representation of numerical magnitudes and the
accumulating evidence suggests that the intraparietal sulcus (IPS) hosts a
core module for processing numerical magnitude (Dehaene & Cohen, 1997;
Eger et al., 2003; Pinel et al., 2001a).
More recently, it has been suggested that the multi-voxel pattern analy-
sis (MVPA) of fMRI data might be an interesting method to probe the
abovementioned question. This method provides a more fine-grained under-
standing of the nature of the activated numerical representations (Raizada
et al., 2010). The existing body of data that has been interpreted in favor
of an abstract representation of numerical magnitude is typically based on
null results, indicating no differences between symbolic and non-symbolic
formats in behavioral tasks and in activity in the IPS. Such null results are,
however, difficult to interpret, as they can occur due to insufficient power
to detect a difference. The present study attempts to overcome this issue
by applying MVPA of fMRI data on regions of interest (ROI) throughout
the entire cortex (a) to test if symbolic and non-symbolic numerical mag-
nitudes are processed in the same brain areas, and (b) to investigate the
amount of representational overlap between both formats in those brain ar-
eas. Although MVPA analyses have been applied to investigate numerical
processing (Damarla & Just, 2012; Eger et al., 2009; Raizada et al., 2010),
the present study extends the existing body of evidence in two important
ways. First, this study is the first to apply MVPA not only in the IPS but
also outside the parietal cortex. This allowed us to test the existence of a
format-independent system for representing numerical magnitudes. Second,
we also used MVPA searchlight analysis in the whole cortex to uncover other
possible (common) areas for processing symbolic and non-symbolic magni-
tudes.
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There has been a longstanding behavioral tradition in attempting to reveal
the common representation of different numerical formats (Barth et al., 2003;
Buckley & Gillman, 1974; Dehaene & Akhavein, 1995; Jaffe-Katz et al., 1989;
Naccache & Dehaene, 2001; Shepard et al., 1975). One of the most impor-
tant findings is the so-called numerical distance effect (Moyer & Landauer,
1967). The numerical distance effect is the observation that reaction times
increase and accuracy rates decreases in number comparison tasks when nu-
merical magnitudes are closer in distance than when they are further apart.
This effect has been observed in children (Feigenson et al., 2004; Lonnemann
et al., 2011; Holloway & Ansari, 2010; Sekuler & Mierkiewicz, 1977), adults
(Dehaene et al., 1990; Dehaene, 1992; Moyer & Bayer, 1976; van Opstal &
Verguts, 2011) and animals (Brannon et al., 2001; Nieder & Miller, 2003)
and it has been contended that this indicates a similar way of representing
numerical magnitudes across different species and ages. Moreover, this nu-
merical distance effect seems to be similar for symbolic and non-symbolic
stimuli, which suggests a common numerical magnitude system for different
formats (Dehaene et al., 1990).
Neuroimaging studies in the last 20 years have tried to unravel the neural
correlates of this numerical distance effect and number processing across for-
mats in humans and non-human primates. Results have pointed to the IPS
as the core area for the representation of numerical magnitude because of
three main findings: (a) the IPS is involved in magnitude processing in hu-
mans (for a meta-analysis and review see Ansari (2008); Nieder & Dehaene
(2009)) and primates (Nieder et al., 2002; Nieder & Miller, 2003; Sawamura
et al., 2002); (b) the IPS activity correlates with the distance between nu-
merical magnitudes in humans (Ansari et al., 2006; Cohen Kadosh et al.,
2005; Piazza et al., 2007; Pinel et al., 2004); (c) the IPS activity does not
differ between formats in humans (Eger et al., 2003; Fias et al., 2003; Piazza
et al., 2007).
Although these findings have been replicated with different paradigms and
tasks, the abstract processing of numerical magnitudes and the function
of the IPS as number module remain a debated issue. More specifically,
some behavioral and neuroimaging observations are very difficult to recon-
cile with the abstract view on magnitude processing (for extensive discus-
sion, see Cohen Kadosh & Walsh (2009)). For example, Gebuis & Reynvoet
(2012a) have shown that the processing of non-symbolic magnitude is more
grounded in low-level visual parameters than the processing of symbolic
quantities. Lyons et al. (2012) found that comparing numerical magnitudes
across formats is more difficult than comparisons within one format, sug-
gesting that additional processing is required for cross-format comparisons.
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The experiments of Maloney et al. (2010) demonstrated that the distance
effect of non-symbolic magnitudes is not correlated with that of symbolic
magnitudes. Furthermore, children with developmental dyscalculia are more
impaired in symbolic tasks compared to non-symbolic tasks (De Smedt &
Gilmore, 2011; Iuculano et al., 2008; Landerl & Ko¨lle, 2009; Rousselle &
Noe¨l, 2007). Finally, a recent review by De Smedt et al. (2013) on the asso-
ciation between numerical magnitude processing and individual differences
in mathematics achievement indicated that in typically developing children,
measures of symbolic but not non-symbolic number processing are reliable
predictors of individual differences in mathematics achievement (De Smedt
et al.). In sum, these behavioral data are difficult to reconcile with an ab-
stract representation of numerical magnitudes.
This abstract representation of numerical magnitudes has also been chal-
lenged by patient and neuroimaging studies. A study on patients with
damage to the left supramarginal gyrus showed a dissociation between the
processing of symbolic and non-symbolic magnitudes (Polk et al., 2001).
Neuroimaging studies have demonstrated that the IPS contains an abstract
representation of numerical order rather than numerical magnitude (Fias
et al., 2007; Ischebeck et al., 2008) and that activity in the IPS while per-
forming a numerical task was related to response-selection rather than nu-
merical processing per se (Cappelletti et al., 2010; Go¨bel et al., 2004).
Whether or not numerical magnitudes are processed in an abstract way in
the IPS has been subject to a continuing discussion in the numerical cogni-
tion domain (Cohen Kadosh & Walsh, 2009). One of the main issues in this
debate is the fact that evidence for an abstract representation of numerical
magnitudes is based on null results, indicating no differences across formats
in activation in the IPS. It is crucial to point out that these null results
emerge from fMRI studies that have used univariate methods to measure
the overall regional activity for different conditions. Such data, however,
limit our understanding of the information encoded by neural populations
in that region. Recently, it has been suggested that the application of MVPA
to fMRI might be one way to solve this issue (Ansari, 2008; Cohen Kadosh
& Walsh, 2009; Dehaene, 2009).
MVPA allows to identify spatial patterns of brain activity of different stimuli
in a certain region of interest (Norman et al., 2006). Two previous stud-
ies have used MVPA to relate the processing of symbolic and non-symbolic
formats directly to each other. Damarla & Just (2012) showed that the
neural codes for quantities of objects, e.g., a picture of three tomatoes or
the digit 3 with a picture of one tomato, can be accurately decoded in the
parietal cortex. Eger et al. (2009) compared the activation patterns evoked
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by dot patterns and digits (numbers 2, 4, 6 and 8) in the parietal cortex.
The activation patterns non-symbolic and symbolic magnitudes were dis-
tinguishable at the individual level and they could be significantly decoded
in the parietal cortex. However, the decoding was less accurate for sym-
bolic compared to non-symbolic magnitudes. Eger et al. (2009) also applied
cross-format generalization, showing significant generalization from symbolic
to non-symbolic magnitudes but not from non-symbolic to symbolic. The
studies of Damarla & Just (2012) and Eger et al. (2009) demonstrated that
MVPA has the sensitivity that is required to investigate the representations
of magnitudes. These data also suggested at least some communality in
symbolic and non-symbolic representations of magnitudes.
Similar to the study of Eger et al. (2009) we investigated the representation
of numerical magnitude in the context of a comparison task. However, we
extended their design in three important ways. First, given the growing
literature, which shows that non-symbolic comparison tasks involve a lot of
non-numerical processes (Gilmore et al., 2013; Gebuis & Reynvoet, 2012b,a),
we implemented a whole-brain approach to define the relative importance
of the different lobules. Our approach consisted of including a large set of
ROIs and searchlight analysis. In these analyses we targeted the neural rep-
resentations of number at multiple spatial scales: a large spatial scale (the
entire cortex, frontal, parietal, occipital and temporal lobes), an intermedi-
ate spatial scale (ROIs in the four cortices) and small scale (a whole-brain
searchlight analysis with a radius of twice the voxel size ). Second, Eger
et al. (2009) only used ten subjects, but we aimed to replicate this in a
larger sample of 16 subjects. Third, the paradigm of Eger et al. (2009) was
an event-related fMRI design in which each trial involved the presentation of
a sample number followed by a match number. Participants had to indicate
whether the match number was smaller or larger than the sample number.
We opted for a fixed comparison task in which each of the numbers (2, 4,
6 and 8) had to be compared to the fixed reference number 5 and control
in this way for possible context-dependent effects on the number represen-
tations. The consequence of this fixed comparison task, is that different
from Eger et al. (2009) we cannot look into the neural representations of
numerical magnitudes without the context of a comparison task.
We expected accurate decoding performance for both symbolic and non-
symbolic magnitudes. If this decoding would be limited to the IPS, this
would favor the existence of a format-independent module for representing
numerical magnitudes. On the other hand, if decoding performance would be
observed across various brain areas, this would suggest that the representa-
tion of magnitudes would be more widely distributed throughout the brain.
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We also predicted that a neural distance effect would occur for both for-
mats in the regions with accurate decoding. The decoding performance for
small distances should be lower than for large distances. Finally, we tested
the generalization between the two numerical formats. Such generalization
should occur if there is an abstract representation of number. However, the
absence of generalization between the two formats would indicate that there
is no such abstract representation of numerical magnitude.
2. Materials & Methods
2.1. Subjects
Sixteen healthy subjects participated in the fMRI study (four males,
aged between 21-28 years, two left-handed) and were paid for participation.
All participants had normal or corrected-to-normal vision and reported no
neurological or psychiatric history. No effects of handedness or sex were
observed. The study was approved by the medical ethics committee of the
KU Leuven. All participants provided informed consent prior to scanning.
2.2. Stimuli
Images (400 x 400 pixels) consisted of centered white circles on a black
background. Within the white circles either dots or Arabic digits were dis-
played comprising 2, 4, 6 or 8 as numerosities. Dot displays were controlled
for possible confounding parameters, such as intensive parameters (indi-
vidual item size and inter-item spacing) and extensive parameters (total
luminance and total area spanned by the dots). This was done by using the
method and automated program created by Dehaene et al. (2005), similar
to many other fMRI-studies that used dot patterns as their stimuli (Eger
et al., 2009; Roggeman et al., 2011; Santens et al., 2010). Both intensive
and extensive parameters were randomly varied across the dot displays by
an adapted version of a Matlab program (Matlab 7.13.0, The MathWorks,
Inc., Natick, MA) described in Dehaene et al. (2005). To avoid adaptation
for the symbolic numbers, the symbols varied in position and size across
trials.
2.3. Apparatus
The fMRI data were acquired in a 3T Philips Intera Scanner (Depart-
ment of Radiology of KU Leuven) with a 12-channel head coil and with an
EPI sequence (48 slices, 2.1 2.1 mm inplane voxel size, slice thickness 2
mm, interslice gap 1 mm, repetition time (TR) = 3000 ms, echo time (TE)
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= 30 ms, flip angle = 90, 104 104 matrix). Accurate timing of the stimuli
relative to fMRI acquisition was achieved with an electronic trigger at the
beginning of each run. For each participant, a high-resolution T1-weighted
anatomical image was obtained (182 slices, resolution 0.98 x 0.98 x 1.2 mm,
TR = 9.6 ms, TE = 4.6 ms, 256 256 acquisition matrix).
Stimulus presentation in all tasks was controlled via Psychtoolbox 3 (Brainard,
1997). We used a Barco 6400i LCD projector (resolution 1024 768, refresh
rate 75 Hz) to project the stimuli on a vertical screen. The stimuli were
positioned approximately 35 cm from participants’ eyes, and were visible
via a mirror attached to the head-coil.
2.4. Design
The design of the experimental runs is illustrated in Figure 1. We used
a short-block design with variable block duration, i.e. one block comprised
either 4, 5 or 6 seconds. Each run consisted of 48 experimental blocks (each
condition was presented in 6 blocks) and 7 fixation blocks (baseline). Two
fixation blocks were presented for 8 seconds at the beginning and at the end
of the run, the remaining five fixation blocks lasted 4, 5 or 6 seconds and
were presented after each 8th experimental block. During each experimental
block, one particular number was repeated in the same format in sequences
of 4, 5 or 6 trials. Each trial was presented for 1000 ms, during which a
random exemplar of the number was shown for 200 ms and followed by a
fixation cross for 800 ms. In total, one run lasted 280 seconds and 12-14
runs were presented to participants (Figure 1).
Participants had to perform a number comparison task in the experimental
runs. We selected this task because it allowed us to explicitly access the
numerical magnitude representations (Piazza et al., 2004; Pinel et al., 2004;
Zorzi et al., 2011). Participants were instructed to evaluate whether the
presented number was smaller or larger than five whenever the displayed
format or numerosity changed.
In two localizer runs, we used a subtraction task. In this task participants
had to subtract two numbers ranging from 1 to 20 and they had to indicate
whether the solution was odd or even. In each trial the subtraction problem
was presented for 1700 ms and followed by a fixation cross for 300 ms.
2.5. Analysis
2.5.1. fMRI preprocessing
The data were processed with the Statistical Parametric Mapping soft-
ware package (SPM8, Welcome Department of Cognitive Neurology, Lon-
don), as well as custom Matlab code. Anatomical images were normalized
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Figure 1: Overview of the experimental design; a. One run lasted 280 seconds and con-
sisted of 7 fixation blocks between the experimental blocks; b. Example of 8 experimental
blocks; c. Example of one experimental block comprising 4 trials.
to the standard brain template defined by the Montreal Neurological 152-
brains average. Functional images were corrected for slice-timing differences
and realigned to the first image to correct for head movements. Spatial
normalization was done using the parameters obtained in the normalization
of the anatomical images. During normalization functional images were re-
sampled to a voxel-size of 2 x 2 x 2 mm. Finally functional images were
spatially smoothed using Gaussian kernels of 4 mm full-width at half max-
imum (FWHM). It could be that spatial smoothing affects the decoding
analyses, although Op de Beeck et al. (2010) observed that smoothing does
not decrease the sensitivity of decoding analyses. Against this background,
we tested whether there was a significant difference between the decoding
accuracy of smoothed and unsmoothed data. These data revealed no signifi-
cant differences between the regions of interest (decoding symbols: F(1,22) =
0.513, p = 0.48 and decoding dots: F(1,22) = 0.028, p = 0.87), which corre-
sponds to Op de Beeck et al. (2010).
2.5.2. Statistical analysis
The experimental effects in each voxel were estimated by a multi-session
design matrix that modeled the data at the block level. A general linear
model was created with regressors for each participant for each condition.
The six motion realignment parameters were additionally included as regres-
8
sors to account for signal variations due to head movements. Subsequent
analyses were performed using t-statistics (resulting from the contrast of
each condition versus baseline) per run that were obtained after fitting the
general linear model.
2.5.3. Regions of Interest
Twenty-three ROIs were defined on a subject level using the functional
data from the localizer scans (contrast of task minus fixation) and the
anatomical WFU PickAtlas Toolbox (Wake Forrest University PickAtlas,
http://fmri.wfubmc.edu/cms/software) when the ROI was available in
the toolbox (Maldjian et al., 2003). The selection of ROIs was theoretically
guided by including ROIs that have been reported to involved in numerical
processing (Dehaene et al., 2003; Holloway et al., 2013; Lyons & Ansari,
2009; Maruyama et al., 2012; Piazza et al., 2007; Santens et al., 2010; Zago
et al., 2001; Zhang et al., 2012).
We selected the ROIs on different spatial scales: (a) large spatial scale (the
entire cortex, frontal, parietal, temporal, occipital cortex, frontal + parietal
+ temporal cortex and frontal + parietal cortex); (b) intermediate spatial
scale (IPS, left and right superior parietal lobule, inferior occipital cortex,
superior temporal sulcus, visual word form area, Wernickes area, fusiform
gyrus, left and right inferior frontal gyrus, and left and right superior frontal
gyrus; (c) small spatial scale (left and right anterior IPS, and left and right
posterior IPS). The contrast for defining the ROIs was thresholded at a min-
imum of p < 0.001 (uncorrected for the number of voxels). The All Regions
ROI contained all the voxels that resulted from the localizer runs in each
subject.
2.5.4. Pattern classification
We implemented decoding and generalization pattern classification anal-
ysis for every ROI by applying linear support vector machines (SVM) using
the OSU SVM Matlab toolbox with the default parameters of this toolbox
as described by Op de Beeck et al. (2010). We used a radial basis function
kernel as decision function with the parameter gamma set to 1. The type of
the classification algorithm was C-SVC with C set to 1. During the training
of the linear SVM 70% of the data was used to construct the hyperplane
that best separated the data of the two conditions. The performance of the
classifier on this pair-wise classification was calculated for the average data
of the remaining 30% of the runs (repeated 100 times per pair of conditions
with a random assignment of runs to the training and test sets). For de-
coding pattern classification, the pair-wise classification was performed on
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the same condition pairs during training and testing. The higher the de-
coding accuracy, the better the classifier was able to discriminate between
two conditions. For generalization pattern classification, different condition
pairs were used to train versus test the performance of the classifier. A
higher accuracy for the generalization analyses suggests an overlap in the
neural representations for the training conditions and the test conditions.
We also performed analyses with correlation-based MVPA instead of linear
classifiers, which resulted in similar conclusions as the decoding accuracies.
2.5.5. Distance effect analysis
To test for a neural distance effect, we examined how the pairwise classi-
fication results varied with the numerical distance between the two classified
numerical magnitudes. We applied a regression analysis in Matlab with the
three possible distances (2, 4 and 6) as predictors and the decoding classi-
fication performance for that distance as the dependent variable for those
ROIs that showed a significant decoding effect.
2.5.6. Searchlight analysis
The Searchlight Analysis (SLA) is a MVPA method introduced as a
technique for localizing functional regions that carry out a particular type
of information. This method particularly suited for finding where in the
brain the local spatial activity pattern differs across conditions (Kriegeskorte
et al., 2006; Kriegeskorte & Bandettini, 2007). These analyses are performed
at a smaller spatial scale and therefore, they nicely complement the MVPA
on large (entire cortex and lobes) and intermediate (ROIs) spatial scales.
For the SLA a sphere with a radius of twice the voxel size (which includes
33 voxels, if all the surrounding voxels are within the brain volume) was
sequentially moved across the entire volume (non-brain volumes areas were
left out of the analysis). White matter was included in the resulting maps
of decoding accuracy, generalization accuracy and neural distance effect for
each subject. Afterwards the maps were spatially smoothed using Gaussian
kernels of 6 mm FWHM. These output images of all subjects were submitted
to a second-level random effects analysis with SPM8. In this analysis, the
average accuracy of pattern classification tests for each voxel was compared
to chance level (0.50) and the group t-map that contains the corresponding
t-value for each voxel was generated (Lee et al., 2011; Raizada et al., 2010;
Walther et al., 2009). To correct for multiple comparisons the false discovery
rate was set at p = 0.05.
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3. Results
3.1. Behavioral Results
A two-way repeated-measures (distance x format) ANOVA was per-
formed on the accuracy and reaction times of the number comparison task
for symbolic and non-symbolic magnitudes. For accuracy, there was signif-
icant main effect of distance (F(1,15) = 15.24, p = 0.001) suggesting more
accurate responses for larger distances than for smaller distances. There
was no main effect of format (F(1,15) = 1.004, p = 0.332) and no distance x
format interaction (F(1,15) = 0.017, p = 0.897).
Turning to the reaction times, we found a significant main effect of distance
(F(1,15) = 90.629, p < 0.001). Participants responded faster to larger dis-
tances than to smaller distances. There was also a significant main effect of
format (F(1,15) = 83.457, p < 0.001), with faster reaction times for symbolic
magnitudes than for non-symbolic magnitudes, and a significant distance x
format interaction (F(1,15) = 38.575, p < 0.001) which indicated a larger dis-
tance effect for non-symbolic magnitudes compared to symbolic magnitudes.
To examine the association between the behavioral symbolic and non-symbolic
distance effects, we calculated for each participants a linear regression in
which the reaction times for each task was predicted by distance. R2-squared
values for each regression were used as indeces of the distance effect. No
significant correlation between the distance effects for symbolic and non-
symbolic magnitudes was observed (r = 0.108, p = 0.69).
3.2. fMRI Results
3.2.1. Localizer
Participants had an average accuracy of 85.93% (SD = 6.26) on the
subtraction task. A second-level analysis on the fMRI localizer data was
applied to the contrast ‘subtraction task minus fixation’ for all the subjects.
We observed significant activation in multiple regions across the entire cor-
tex, including the IPS, inferior and superior frontal gyri, supramarginal and
angular gyri, inferior occipital cortex and superior parietal cortex. Results
are shown in Figure 2 and Table 1.
3.2.2. Symbolic and non-symbolic representations: large spatial scale (entire
cortex and lobes)
We first investigated if symbolic and non-symbolic representations, dis-
tance effects for both formats and an the association between digits and dots
can be detected on a large spatial scale.
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ROI x y z t [15] p
Left supramarginal angular -8 8 60 13.32 < 0.001
Left precentral gyrus -50 5 28 13.16 < 0.001
hIP3 -22 -55 40 11.76 < 0.001
Left inferior occipital cortex -44 -86 -8 10.62 < 0.001
Right superior parietal cortex 24 -55 50 10.12 < 0.001
Left superior parietal cortex -22 66 44 10.02 < 0.001
Right inferior occipital cortex 42 -84 -8 9.15 < 0.001
Right IPS 32 -52 46 8.83 < 0.001
Right fusiform gyrus 44 -76 -18 8.46 < 0.001
Left IPS -44 -44 42 8.45 < 0.001
Left fusiform gyrus -46 -62 -20 7.89 < 0.001
Right superior frontal gyrus 32 4 64 5.59 0.002
Right inferior frontal gyrus 48 10 28 5.23 0.003
Left insula -26 24 2 5.01 0.003
Right middle frontal gyrus 44 0 54 4.97 0.004
Left superior frontal gyrus -20 8 70 4.94 0.004
Left inferior frontal gyrus -32 28 -4 4.2 0.011
Left middle frontal gyrus -42 38 28 4.05 0.013
Right precentral gyrus 42 2 40 3.27 0.013
Table 1: List of regions activated by the localizer subtraction task. Multiple comparison
correct with FDR = 0.05. The x, y, z coordinates are the MNI-coordinates of each
activation peak. hIP3 is a cytoarchitectonic defined subregion of the IPS (Caspers et al.,
2006).
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Figure 2: Statistical map of brain regions that were found to exhibit significantly higher
levels of activations during the subtraction task compared to fixation (multiple compar-
isons corrected with FDR = 0.05, mapped onto an anatomical image of one of the partic-
ipants).
Decoding accuracies. For both non-symbolic and symbolic magnitudes the
classifier was able to discriminate activation patterns of different magnitudes
significantly better than chance level in the entire cortex, frontal cortex,
parietal cortex, occipital cortex, frontal + parietal + temporal cortex, and
frontal + parietal cortex (Figure 3). These data indicate that the neural
representations of numbers for both formats seem to be present on a large
spatial scale and in all cortices.
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Figure 3: Significant decoding performances for symbolic and non-symbolic stimuli for the
cortices, the error bars represent the standard error of mean (* p < 0.05 ** p < 0.01).
Figure 4: The distance effect of dots and symbols in the different cortices. The error bars
represent the standard estimate of error (* p < 0.05 ** p < 0.01).
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Neural distance effect. To test whether the significant decoding of symbolic
and non-symbolic magnitudes on a large spatial scale was due to the un-
derlying magnitude of the stimuli, we applied a regression analysis to the
decoding accuracies of those ROIs that showed significant decoding perfor-
mance (Figure 4). For non-symbolic magnitudes all the cortices showed a
significant distance effect: All regions (R2 = 0.13, p < 0.001), frontal cortex
(R2 = 0.17, p < 0.001), parietal cortex (R2 = 0.16, p < 0.001), temporal
cortex (R2 = 0.0.17, p < 0.001), occipital cortex (R2 = 0.10, p = 0.002),
frontal + parietal + temporal cortex (R2 = 0.18, p < 0.001) and parietal +
frontal cortex (R2 = 0.17, p < 0.001). These results indicate that we cap-
tured magnitude related activity for non-symbolic magnitudes on a large
spatial scale.
For symbolic magnitudes, there was no distance effect in any of the cortices:
All regions (R2 = 0.004, p = 0.54), frontal cortex (R2 = 0.0003, p = 0.87),
parietal cortex (R2 = 0.01, p = 0.47), temporal cortex (R2 = 0.01, p =
0.43), occipital cortex (R2 = 0, p = 0.96), frontal + parietal + temporal
cortex (R2 = 0.01, p = 0.41) and parietal + frontal cortex (R2 = 0.0004,p
= 0.85). This all suggests that for symbolic magnitudes we did not capture
any magnitude related activity on a large spatial scale.
Association digits and dots. To investigate the invariance of the represen-
tation of magnitude across formats, we applied generalization pattern clas-
sification. For this, we trained the classifier to discriminate between two
magnitudes in one format (for example between symbol 2 and symbol 4)
and tested the performance of the classifier on discriminating between the
same magnitudes in the other format (i.e., 2 dots and 4 dots). If a ROI
contains an abstract representation of magnitude, one would expect that
this representation gereralizes across different formats. The results for this
analysis are summarized in Table 2.
There was no significant generalization from non-symbolic to symbolic mag-
nitudes or from symbolic to non-symbolic magnitudes in any of the lobes,
suggesting no representational overlap between both formats on a large spa-
tial scale.
3.2.3. Symbolic and non-symbolic representations: relevant ROIs in the
lobes
To look further within the cortices, we selected a series of ROIs in the dif-
ferent lobes based on previous numerical cognition literature (see Methods,
Regions of Interest). This was done to test whether numerical magnitude
representations, a neural distance effect and a possible association between
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ROI Dots to digits Digits to dots
Accuracy t [15] p Accuracy t [15] p
All Regions 0.49 -1.20 0.87 0.51 0.51 0.31
Frontal, Parietal & Temporal Cortex 0.49 -0.94 0.87 0.52 1.14 0.14
Frontal & Parietal Cortex 0.49 -0.87 0.80 0.50 -0.02 0.51
Frontal Cortex 0.50 -0.33 0.63 0.50 0.13 0.45
Parietal Cortex 0.49 -1.12 0.86 0.49 -0.70 0.75
Temporal Cortex 0.50 0.09 0.46 0.51 0.67 0.26
Occipital Cortex 0.49 -0.94 0.82 0.51 1.02 0.16
Table 2: Overview of the generalization results for generalization from dots to digits and
from digits to dots.
dots and digits can be observed on an intermediate spatial scale.
Decoding accuracies. The decoding accuracies of the ROIs are summarized
in Figure 5. For non-symbolic magnitudes, the classifier was able to dis-
criminate between the different numbers of dots better than chance level in
all the ROIs tested, except for the visual word form area.
The SVM results for symbolic magnitudes were, however, different. We
observed significant decoding accuracy for classifying symbols in the left su-
perior parietal lobule, inferior occipital cortex, fusiform gyrus, right superior
frontal gyrus. However, we did not find a significant decoding accuracy in
the IPS and in its different subdivisions: left anterior IPS, right anterior
IPS, left posterior IPS and right posterior IPS. Together with the results
on a large spatial scale, these results suggests that in order to discriminate
between the neural patterns of symbols one needs a lot of information which
seems to be distributed throughout the brain.
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Figure 5: Significant decoding performances for symbolic and non-symbolic stimuli for
ROIs on an intermediate spatial scale. The error bars represent the standard error of mean
(* significant with FDR-correction (q = 0.05) for multiple comparisons; ∼ significant if
no FDR-correction is applied).
Neural distance effect. Results for the neural distance effect of symbolic and
non-symbolic magnitudes are summarized in Figure 6. For non-symbolic
magnitudes, most regions had a significant distance effect: IPS (R2 = 0.12,
p < 0.001), left anterior IPS (R2 = 0.06, p < 0.02), right anterior IPS
(R2 = 0.05, p < 0.02), left posterior IPS (R2 = 0.12, p < 0.001), right
posterior IPS (R2 = 0.19, p < 0.001), left superior parietal lobule (R2 =
0.16, p < 0.001), right superior parietal lobule (R2 = 0.24, p < 0.001),
inferior occipital cortex (R2 = 0.11, p < 0.001), superior temporal sulcus
(R2 = 0.05, p = 0.03), fusiform gyrus (R2 = 0.16, p < 0.001), left inferior
frontal gyrus (R2 = 0.11, p < 0.001), right inferior frontal gyrus (R2 = 0.09,
p < 0.001) and right superior frontal gyrus (R2 = 0.09, p = 0.01). Only
two ROIs that showed significant decoding accuracy, did not demonstrate
a significant distance effect: Wernickes area (R2 = 0.02, p = 0.21) and the
left superior frontal gyrus (R2 = 0.01, p = 0.38). This suggests that the
significant decoding of non-symbolic magnitudes in these two areas was not
related to magnitude.
For symbolic magnitudes, there was no distance effect in any of the ROIs that
showed significant decoding accuracy: left superior parietal lobule (R2 =
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0.003, p = 0.62), inferior occipital cortex (R2 = 0.0003, p = 0.86), p =
0.13), fusiform gyrus (R2 = 0.02, p = 0.16) and right superior frontal gyrus
(R2 = 0.01, p = 0.30). Thus, we did not find any magnitude related activity
in the ROIs tested on a large and intermediate spatial scale for the symbolic
magnitudes.
Figure 6: Significant decoding performances for symbolic and non-symbolic stimuli for
ROIs on an intermediate spatial scale. The error bars represent the standard error of
mean (* significant with FDR-correction (q = 0.05) for multiple comparisons).
Association digits and dots. We again tested the neural representational
overlap between symbolic and non-symbolic magnitudes in the abovemen-
tioned ROIs by applying generalization SVM. Similar to the large scale
analyses, we did not find any generalization from symbolic to non-symbolic
magnitudes or from non-symbolic to symbolic magnitudes.
3.2.4. Results on a small spatial scale: searchlight analysis (SLA)
A searchlight analysis is ideal for finding where on a local spatial scale
(a) the neural patterns for stimuli in symbolic and non-symbolic formats are
distinguishable (b) where the neural patterns of both formats represent a
magnitude and (c) if there is any overlap between symbolic and non-symbolic
representations.
We applied a whole-brain SLA with a radius of twice the voxel size resulting
in a searchlight cluster of 33 voxels. This analysis resulted in two maps with
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decoding accuracy (symbolic and non-symbolic magnitudes), two maps with
the distance effect (symbolic and non-symbolic magnitudes) and two maps
with generalization accuracy (from symbolic to non-symbolic and from non-
symbolic to symbolic magnitudes) for each subject. These resulting maps
were submitted to a group analysis and corrected for multiple comparisons
(Figure 7).
Figure 7: Results of the whole-brain searchlight analysis for FDR-corrected threshold of
t = 2.5.
Decoding SLA. For both symbolic and non-symbolic magnitudes the SLA
confirmed the results from the decoding analyses. The neural represen-
tations of non-symbolic magnitudes seemed to be present throughout the
brain and on a very local spatial scale. For the symbolic magnitudes, we
observed no representational information on a local spatial scale, which sug-
gests that the relatively low decoding accuracies in the ROI analysis relied
on the inclusion of a large number of individually defined voxels.
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Neural distance effect. The SLA for the neural distance effects of non-
symbolic magnitudes revealed that in most regions with significant decod-
ing accuracies there was a neural distance effect. This results corresponds to
the ROI-based neural distance effect analysis. For symbolic magnitudes, the
SLA did not reveal any magnitude related activity on a local spatial scale
in the cortex, also confirming the ROI-based neural distance effect analysis.
Association digits and dots. Concerning the ROI-based generalization anal-
ysis, the SLA also confirmed the absence of an abstract representation on
a local spatial scale as there was no generalization from symbolic to non-
symbolic and from non-symbolic to symbolic magnitudes.
3.2.5. Correlations between behavioral and imaging data
It has been suggested that reaction time differences between conditions in
a comparison task are correlated with the brain activity of those conditions
(Pinel et al., 2001b), suggesting an effect of task difficulty on brain activity.
We therefore correlated the difference (symbolic non-symbolic magnitudes)
in reaction time between formats with the difference in decoding between
formats. This was done for the All Regions and parietal cortex, because
we had no a priori hypothesis for the specific area where this correlation
would emerge. In All Regions there was a significant negative correlation
(r = -0.51, p = 0.04) while in the parietal cortex a non-significant negative
correlation was observed (r = -0.45, p = 0.08). As these correlations are
negative, pointing to higher decoding when the reaction is longer, they do
not reflect effects of task difficulty, but rather indicate how much attention
and processing was needed by the subject to deal with the stimuli.
We have also correlated the behavioral distance effect (based on reaction
times, as explained above) with the neural distance effect in All Regions and
parietal cortex. This correlation was significant for non-symbolic magnitudes
(r = 0.51, p = 0.046) in All Regions and not significant (r = 0.16, p =
0.553) in the parietal cortex. We found no significant correlation between
the behavioral distance effect and the neural distance effect of symbolic
magnitudes in All Regions (r = 0.30, p = 0.27) and parietal cortex (r =
0.18, p = 0.50). The latter could be explained by recourse to the failure to
observe a neural distance effect for symbolic magnitudes in the All Regions
and parietal cortex.
4. Discussion
The present study was conducted to identify neural correlates under-
lying symbolic and non-symbolic magnitude processing. In contrast to the
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existing body of studies that mainly used univariate fMRI methods to probe
this question, we applied MVPA to unravel the neural activity patterns of
numerical magnitudes. To the best of our knowledge, only two studies have
applied this technique before, i.e. Eger et al. (2009) and Damarla & Just
(2012). However, these two studies restricted the focus of their analyses to
the entire parietal cortex without examining any smaller regions of inter-
est inside and outside the parietal cortex. Extending these two studies, we
applied MVPA outside the parietal cortex and ran these analyses on three
spatial scales: a large scale (the entire cortex, frontal cortex, parietal cortex,
temporal cortex and occipital cortex), an intermediate scale with 16 ROIs
throughout the whole cortex and a local scale by applying a whole brain
searchlight analysis.
In summary, we found different neural patterns for non-symbolic compared
to symbolic magnitudes. For dot arrays, most brain regions showed a neural
distance effect, indicating a widespread representation of numerical magni-
tude for dot arrays. By contrast, symbolic magnitudes were only distinguish-
able when entire lobules were used as ROIs, and in some smaller ROIs (left
superior parietal lobule, inferior occipital cortex, fusiform gyrus and right
superior frontal gyrus), albeit with lower decoding accuracy. This pattern
of results indicated that the neural representations of symbolic magnitudes
were widely distributed across the entire cortex. No evidence was found
for a neural distance effect of symbolic magnitudes in our data. The gen-
eralization analyses revealed no overlapping representations for digits and
dots in any of the selected regions of interest. Results from the ROI-based
MVPA analysis were extended by a whole-brain searchlight analysis, which
yielded the same results. In all, these data are very hard to reconcile with
an abstract representation of numerical magnitude.
4.1. Representations of symbolic and non-symbolic magnitudes are not re-
stricted to only the parietal cortex
In contrast to previous MVPA studies that limited their scope to the
parietal cortex, the present study is the first study to apply MVPA to the
entire cortex, the individual lobes and 16 ROIs for decoding symbolic and
non-symbolic magnitudes. Concerning the parietal cortex, we found signif-
icant decoding performances for both symbols and dot arrays, which is in
accordance with Eger et al. (2009) and Damarla & Just (2012). However, we
also observed significant decoding for both formats in the frontal, occipital
and temporal cortices, suggesting the presence of neural representation of
symbolic and non-symbolic magnitudes on a large spatial scale in the entire
cortex. Our results indicate that only looking at the parietal cortex shows
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a small part of the story. Because there are no previous numerical cogni-
tion MVPA fMRI studies looking at other ROIs besides the entire parietal
cortex, we cannot directly compare the current results with previous MVPA
data.
The existing univariate and adaptation fMRI studies pinpointed the IPS as
the number module in the brain, against the background of similar neural
effects for symbolic and non-symbolic magnitudes (Dehaene et al., 2003; Fias
et al., 2003; Piazza et al., 2007). We found significant decoding accuracies
for dots in the IPS, suggesting the presence of distinctive neural patterns
for non-symbolic magnitudes in the IPS. However, this was not observed for
symbolic magnitudes.
More crucially, we also applied MVPA to other ROIs besides the IPS and
outside the parietal cortex. Our results show the decoding of both formats
outside the IPS, with significant decoding performances for dots in regions
in the frontal, occipital and temporal cortices. For symbolic stimuli, we ob-
served significant decoding in the fusiform gyrus, right superior frontal gyrus,
left superior parietal lobule, and inferior occipital cortex. This suggests that
the neural representations of symbolic and non-symbolic magnitudes are not
restricted to the IPS or the parietal cortex.
In this context caution is needed when interpreting the nature of these rep-
resentations across the entire brain. It is most likely that the representations
of dots and symbols in, for example, the inferior occipital cortex are more
related to the visual properties of the stimuli than to their numerosity. This
is in line with (Gebuis & Reynvoet, 2012a) who showed that the compari-
son of (non-symbolic) number also includes many non-numerical processing
(e.g., perceptual, action, semantics). The parietal cortex, on the other hand,
can be expected to contribute more than the other regions to representing
magnitudes and numerositiy, while occipital regions are known to represent
the visual properties of stimuli and prefrontal cortex might process task-
related aspects (e.g. process small and large numbers differently). These
non-numerical representations will probably contribute the most to the non-
symbolic numbers because there is little decoding in the symbolic numbers
across the ROIs.
4.2. Representations of dots and digits are different
Our findings suggest a divergence in the neural representations between
symbolic and non-symbolic stimuli. First, in all the lobes we observed higher
decoding performance for non-symbolic stimuli compared to symbolic stim-
uli. This higher decoding accuracy for dots versus digits was also found in
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the parietal cortex by Eger et al. (2009) and Damarla & Just (2012). Be-
cause we extended these two studies by not restricting MVPA to the entire
parietal cortex, the current data indicate that the higher decoding perfor-
mance for dots versus digits is seen not only in the parietal cortex, but also
in the other lobes.
A possible explanation for this finding might be that the symbols (digits)
share more features than dot patterns. Although being different in mag-
nitude, the symbol ‘2’ and ‘8’ share many visual characteristics, such as
being one visual symbol and being processed in the same way (reading).
In contrast, these visual characteristics are very different between 2 and 8
dots, and these dot patterns might processed in different ways: 2 dots are
processed in an exact way, whereas 8 dots might be approximated.
The different decoding results for symbolic and non-symbolic magnitudes
could be explained in the light of recent findings by Shum et al. (2013).
They used intracranial electrophysiological recordings in epileptic patients
and reported higher activation for Arabic digits compared with letters, false
fonts, number words and non-number words in the inferior temporal gyrus.
Their study suggested one location that was very specific for processing Ara-
bic digits. However, this regions falls in the fMRI signal-dropout zone, thus
we cannot capture the functional response for symbolic magnitudes in this
region with fMRI.
Although we cannot exclude the possibility of a symbolic number region
outside the range of fMRI, we still found significant decoding accuracies for
symbolic magnitudes. This was not observed in one small region, but it
was more scattered throughout the entire cortex, suggesting that the neural
representations of digits are embedded on a large spatial scale. This finding
is in line with Eger et al. (2009) who reported the absence of neural rep-
resentations for symbolic magnitudes on a relatively local spatial scale in
the parietal cortex in contrast to distinguishable neural patterns on a large
spatial scale in the parietal cortex.
In accordance with the studies of Eger et al. (2009), Damarla & Just (2012)
and Shum et al. (2013), the present study suggests different processing in dif-
ferent locations of non-symbolic and symbolic stimuli. These neuroimaging
studies converge nicely with previous behavioral studies showing differences
between both formats. For example, Lyons et al. (2012) demonstrated that
cross-format number comparisons were more difficult than within-format
number comparisons, which suggests that symbolic and non-symbolic mag-
nitudes are independently processed.
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4.3. The neural distance effect for symbolic and non-symbolic magnitudes is
different
To test whether the decoding performances found in the ROIs were re-
flecting a magnitude representation, we verified whether a neural distance
effect could be found in these regions. In line with previous studies, we
observed the presence of a neural distance effect for non-symbolic magni-
tudes and an absence of this effect for symbolic magnitudes in the parietal
cortex (Damarla & Just, 2012; Eger et al., 2009). We extended our scope
to ROIs in the parietal, frontal, temporal and occipital cortices and found
magnitude representations for dot arrays in most ROIs. However, we did
not find magnitude representations for symbols in any of our ROIs (large
and intermediate spatial scale), including the IPS, even though the number
comparison task demanded an explicit magnitude judgment. This suggests
that, in contrast to non-symbolic magnitudes the neural activation in the
IPS for symbolic magnitudes is not related to the underlying magnitude.
Despite this differences in the neural distance effects of dots and digits,
we observed a behavioral distance effect for both symbols and dots. How-
ever, the mere presence of a behavioral distance effect does not necessar-
ily indicate similar underlying cognitive processes in dealing with symbolic
and non-symbolic stimuli. For example, Lyons et al. (2012) showed that
in the presence of behavioral distance effects for digits and dots in a num-
ber comparison task, format number comparisons were more difficult, which
suggests different cognitive processes for symbolic and non-symbolic magni-
tudes. Also, Campbell (1994); Dehaene & Akhavein (1995); Ganor-Stern &
Tzelgov (2008) observed interactions between numerical distance and for-
mat, indicating that different cognitive processes are involved in symbolic
and non-symbolic tasks. Maloney et al. (2010) observed no correlation be-
tween the distance effect of dots and symbols, suggesting different underlying
mechanisms for both formats. In line with this, the present study did not
observe a correlation between the behavioral distance effect of digits and
dots.
4.4. Relationship between symbolic and non-symbolic magnitudes
We found no overlapping neural patterns for symbolic and non-symbolic
magnitudes in any of the ROIs, suggesting no representational overlap for
both formats. This result contradicts the study of Eger et al. (2009), which
found a generalization from digits to dots (57%), but no generalization from
dots to digits. Eger et al. (2009) explained these results in the context of
a neural network model constructed by Verguts & Fias (2004). This net-
work model suggests that a subset of neurons that originally responds to
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non-symbolic magnitudes acquires selectivity to the corresponding symbolic
number and, while preserving response selectivity to non-symbolic magni-
tudes, becomes more narrowly tuned to the specific symbolic number.
However, Damarla & Just (2012) were not able to replicate the data by Eger
et al. (2009) and reported that their poor generalization across formats sug-
gests that the neural representation of numerical magnitudes in the parietal
areas is primarily format-specific. On top of that, Eger et al. (2009) did
not find any generalization in their parietal cortex searchlight analysis. In
line with this, we also did not find any generalization in the whole brain
searchlight analysis. Note that our study is very similar to the study of
Eger et al. (2009), and that our study had an appropriate sensitivity (we
were able to decode each of the two formats) and reasonable power (16 sub-
jects). Against this background, it seems appropriate to conclude that no
detectable overlapping representations between symbolic and non-symbolic
magnitudes are present, neither in the parietal cortex nor in the cortex as
whole.
4.5. Whole-brain searchlight analysis
This study is the first to apply a whole brain searchlight analysis in
the context of decoding symbolic and non-symbolic magnitudes. With this
analysis, we aimed to detect a neural distance effect for both formats, and
tested the representational overlap between digits and dots. The whole
brain searchlight analysis resulted in an accurate decoding and neural dis-
tance effect for dots in most parts of the cortex, which suggests a very local
representation of non-symbolic magnitude in the brain. A small spherical
region at many cortical positions is sufficient to decode the number of dots
that is shown to the participants. For the symbolic stimuli no significant
decoding and neural distance effect on a local scale was found. Together
with the ROI-based MVPA analysis, this suggests that symbolic stimuli are
represented in a very distributed manner across the entire brain and need
the inclusion of a large number of individually defined voxels to detect their
neural pattern.
4.6. Is there an abstract representation of magnitude in the brain?
The majority of the studies concerning numerical cognition have sug-
gested that a domain-specific number module is present in the IPS (Ansari
et al., 2006; Cohen Kadosh et al., 2005; Eger et al., 2003; Fias et al., 2003;
Piazza et al., 2007; Pinel et al., 2004). Although the results of these studies
are seen as evidence for the domain-specificity of the IPS, Shuman & Kan-
wisher (2004) challenged the conclusions drawn from these studies based on
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three fMRI experiments. These authors did not find an adaptation effect for
repeated numerosities in different formats, but observed less strong activa-
tions for number tasks than for color tasks in the IPS. They also showed that
the IPS responded more strongly to difficult compared to easy tasks with no
differences between number tasks and color tasks. Hence, the experiments
of Shuman & Kanwisher (2004) do not support the hypothesis of the IPS as
a domain-specific area for abstract number processing.
Turning to our study, if such abstract representation would exist one should
find: (a) similar decoding results for both symbolic and non-symbolic mag-
nitudes, (b) similar neural distance effects for both formats and (c) a rep-
resentational overlap between symbols and dot arrays. In contrast to this,
we found (a) different decoding results for digits and dots with major dif-
ferences for the location of neural representations for both formats; (b) dif-
ferences in the presence of the neural distance effects between digits and
dots; and (c) no generalization effects from digits to dots and vice versa,
which indicates no representational overlap between dots and digits. This
pattern of findings was observed on a large spatial scale (entire cortices),
an inter-mediate spatial scale (regions of interest) and a small spatial scale
(whole-brain searchlight with a radius of twice the voxel size) and is hard
to reconcile with the existence of an abstract magnitude representation.
5. Conclusion
We confirm the conclusion of Eger et al. (2009) that MVPA allows one
to distinguish the representations of different numerical magnitudes with a
higher accuracy for dot patterns than for symbols. However, in our study
the numerical representations were format-dependent without any common
format-independent representation of magnitude: Classifiers trained on dot
patterns were not able to generalize to symbols (or vice versa). Although
subjects were performing a magnitude-related task showing a distance effect
at the behavioral level, the MVPA results showed a distance effect for non-
symbolic but not for symbolic stimuli. The searchlight analyses did not
reveal any overlapping representations between both formats anywhere in
the cortex. These findings are hard to reconcile with the idea of an abstract
representation of numerical magnitudes.
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